consistently about 5% by volume wetter than ascending retrievals.
Introduction
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Soil moisture consists of only 0.01% of the total water on the planet [Prigent et al., 20 2005]. But soil water content is important for many reasons, such as agriculture. Soil water 21 content also has an important influence on climate, as it determines the partitioning of energy at 22 the surface between sensible and latent heat [Li et al., 2007; ESA, 2002] . To better understand 23 the interactions of soil moisture with the climate system, an accurate assessment of soil moisture 24 globally must be made. Land surface models have been able to estimate the global soil moisture 25 distribution, but are handicapped by their lack of access to reliable information on soil properties 26 and atmospheric forcing, as well as inaccuracies in the models themselves. It is also difficult to 27 evaluate how well the models simulate the actual soil moisture [Prigent et al., 2005] . In-situ 28 observations only cover a small fraction of the planet, as the cost of direct observation of soil 29 moisture is very high [Vinnikov et al., 1999] . However, a satellite can orbit the entire planet 30 daily and provide routine soil moisture measurements for every location [Kerr et al., 2001 ], even 31 those that are not inhabited by humans. As in the case of the land surface models, it is difficult 32 to evaluate the remote sensing retrievals of soil moisture. But in locations with in-situ 33 observations it is possible to compare the two different measurements and evaluate the 34 effectiveness of the satellite. 35 Satellite sensors measure soil moisture at a large spatial resolution while in-situ stations 36 measure soil moisture at a single point [Jackson et al., 2010] . Therefore, locations can only be 37 used as evaluation sites if there are sufficient in-situ stations. It has already been established that 38 there is significant spatial variability of soil moisture. Entin et al. [2000] have established a 39 spatial autocorrelation of soil moisture of about 500 km, much greater than any regions being 40 looked at in this study. However, they also suggested that there is a smaller scale of variation 41 that is dominated by land surface variations. Crow et al. [1999] also claimed that there were 42 differences between the coarse scale (> 10 km) and the fine scale (< 1 km) and attributed the fine 43 scale variability to the effects of local variations in topography, soils, and vegetation. However, 44 while the aforementioned studies focused on the stations themselves, here we will attempt to 45 create a mean dataset to evaluate SMOS footprints in different regions only where there are 46 many in-situ stations in a very small area. 47 Satellite microwave measurements can only sample the top soil layer, typically only a 48 few cm. Microwave observations of soil moisture from satellite radiometers are sensitive to the 49 effects of water on the dielectric constant of the soil, which affects the emissivity [Jackson and 50 Schmugge, 1989] . Using satellite data in conjunction with land surface data will allow for a 51 global data set of soil moisture to be assimilated into a model, which may allow for better 52 prediction of precipitation over land [Reichle et al., 2004 
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Because of the large number of sites, a range of coordinates and elevations was given in Table 1 155 rather than listing them individually for each station. A map of the region encompassing the two 156 Micronets is shown in Figure 3 . radius of 40 km and a uniform region of influence where the SMOS value is said to be equal across the entire footprint. This is a simplification due to differences in vegetation and soil type.
177
If two center points are within 40 km of each other, there will be overlap of the footprints. 
Methods
179
We created time series for the entire calendar year 2010 using the datasets described 
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To assess the spatial variability further, semi-variograms along with correlation lag plots 237 were created. The semi-variograms were created using the method described in Liu et al. [2001] 238 and provide information on the relationship of soil moisture measurements at close distances.
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The distance between each pair of the three USCRN sensors at one station was assumed to be One important consideration in these comparisons is that the SMOS footprint covers a 272 large area. If there is a rainfall event that produces wet soil in a part of the footprint that has no 273 in-situ stations, large differences could result. As expected, the soil moisture both from in-situ 274 and SMOS appears higher in the winter and early spring than in the middle of the summer 275 because evaporative forcing is higher in the summer. This can be seen in more detail in Table 2 . Table 2 . The average of all the in-situ data is plotted along with the two SMOS 286 footprints in Figure 5 . The SMOS footprints are similar but do show some differences such as 287 the case described above. For the most part, the mean of the two SMOS center points falls below 288 the mean of all of the in-situ points, illustrating the overall negative bias. 
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Intuitively this value should be near zero, and in fact it is lower than the sill value for Stillwater.
346
When connected to the mean bins for Stillwater, a range is seen in the first few km, which is 347 consistent with fine scale variability described by Crow et al. [1999] . Beyond this range, the into numerical weather models will face uncertainty in that it will be difficult to assess whether 366 or not the SMOS data being put into the model are accurate enough. It also must be taken into 367 account that SMOS evaluation is not possible when there is snow cover. In the case of (Figure 1) . The averaged monthly SMOS biases (as compared to in-situ mean) are also given for each footprint. SMOS diff is the difference between the two SMOS retrievals (SMOS #1 minus SMOS #2).
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